Abstract
Introduction
Objectives of the Study Estimating inter-annual area changes of the main cover types has historically been a major application field of highresolution satellite images. Several procedures based on classification and regression algorithms have been proposed to this objective producing estimates of area changes with various levels of reliability (Gallego, 2004) . A problem common to all these methods is that the acquisition and processing of the necessary high-resolution imagery is economically and labor intensive (Annoni and Perdigao, Estimation of Inter-annual Crop Area Variation by the Application of Spectral Angle Mapping to Low Resolution Multitemporal NDVI Images Felix Rembold and Fabio Maselli 1997) . Additionally, these methods are usually affected by misclassification errors which can lead to strong bias in areal estimates (Czaplevsky, 1992; Gallego, 2004) . These factors have limited the possibility of automatically updating land-cover maps over large areas with high temporal frequency. On the other hand, low-resolution images, which have a higher temporal frequency and are easily processed on a regional scale, have been generally considered not suited to this objective due to the mixed nature of their pixels. It is however, evident that the use of such images would greatly facilitate the routine updating of existing regional maps as a result of their wide availability and low cost.
The objective of the current work was the development and testing of a methodology applicable to multitemporal low spatial resolution images for updating land-cover area changes on a regional scale. The knowledge of such changes is particularly meaningful for agricultural cover types, bearing in mind that crop area information during a growing season is needed for production forecasts (Genovese, 1998) . Since different crops usually show different NDVI multitemporal profiles (Nieuwenhuis et al., 1996) , the methodology developed takes benefits from the high acquisition frequency of low-resolution NDVI images by exploiting meaningful changes in the shape of the pixel profiles.
More specifically, the present investigation is built on the existing literature about sub-pixel analysis to develop a two-step methodology capable of extracting estimates of crop area variation from multitemporal NDVI profiles. The first step is based on Spectral Angle Mapping (SAM, also known as Spectral Matching; Sohn and Rebello, 2002) , while the second relies on a regression estimator tuned on higher resolution area references.
This work follows a preliminary investigation on the same topic (Rembold and Maselli, 2004) which revealed the potential of this approach encouraging the authors to deepen the research. The current extended study includes a more exhaustive presentation of the basis of the methodology, the proposal of some methodological refinements, and an experimental test with a more complete data series taken over a region in Central Italy (Tuscany).
This paper is organized as follows. First, a brief review is presented on existing methods to estimate land-cover changes by the use of remote sensing data. The proposed methodology is then introduced, followed by a case study
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illustrating its potential and limitations. A discussion finally deals with the problems encountered in the current experimentation and the possible future developments of the approach proposed.
State of the Art in the Use of Remote Sensing for Land-cover Area Estimation Area estimation for different land-cover classes has been an important application of remote sensing techniques since the 1970s. It was first investigated by the United States Department of Agriculture (USDA) which launched the first large scale crop area inventories and developed the first solid approaches in this sector (Houston and Hall, 1984) . In the 1980s, crop area studies based on the use of remote sensing became more common in Europe and, in particular, the Monitoring Agriculture with Remote Sensing (MARS) project at the European Commission Joint Research Centre (EC-JRC, Ispra, Italy) began its activities in crop area monitoring as an answer to the EC's need for agricultural information (Taylor et al., 1997) .
In general, the use of remote sensing was aimed at reducing the number of samples of ground surveys, making them less expensive. Several approaches have been proposed so far, where the role of remote sensing varies from main data source to auxiliary support for ground surveys.
The methods based on remote sensing as main data source are generally used in absence of ground data or for retrospective studies. These cases generally imply the classification of remote sensing images followed by the measurement of the classified areas, but the estimates obtained are often affected by notable errors due to classification inaccuracies (Gallego, 2004) .
When the two data sources are utilized together through regression techniques, the results are usually more accurate than either the ground survey or the image classification separately (Gallego and Delincé, 1991) . In any case, the convenience of using remote sensing data depends on how much the costs of the survey can be reduced with respect to a pure ground survey achieving a certain grade of accuracy. In this context the scale factor is important, as well as the spatial heterogeneity of the examined area changes (Taylor et al., 1997) .
In general, the use of high-resolution images for the frequent updating of land-cover maps at the regional scale is too expensive (Annoni and Perdigao, 1997) . Thus, lowresolution images have been applied for area measurements and land-cover change analysis (Lambin and Strahler, 1994; Stern et al., 2001) . In these cases, conventional classification techniques are not directly applicable to crop area estimation due to the mixed nature of the pixels (Gallego, 2004) . Fuzzy classifiers have therefore been proposed, which are however only capable of providing approximate estimates of sub-pixel cover types and are unsuitable for quantitative crop area assessment (Foody, 1996; Maselli et al., 1996) . Similar estimates have been derived through what are generally called unmixing techniques (Settle and Drake, 1993; Oleson et al., 1995) . Unfortunately, such techniques are very sensitive to variations in multi-spectral/temporal signatures which may be caused by external factors (Quarmby et al., 1992) . For example, when using multitemporal NDVI profiles amplitude greenness variations can arise from different weather patterns during the growing seasons (Gaston et al., 1994) .
In conclusion, none of the previously mentioned methods are directly applicable to estimate crop area variations from low-resolution data. To this aim, an innovative methodology is needed which can be applied in all cases where land-cover classes with high spectral separability are involved in the analysis.
Proposed Methodology for Crop Area Updating
Building on the previous considerations, efforts were directed to develop a methodology for extracting information related to crop area variation from low-resolution, multitemporal NDVI profiles, which are now widespread both at regional and global scales (Townshend, 1994) . The methodology relies on the fundamental assumption that area variations of each main crop within low-resolution pixels result in corresponding variations in shape of the relevant multitemporal NDVI profiles (Rembold and Maselli, 2004) . Such reasoning stems from the obvious consideration that as the fraction of a pixel covered by a crop approaches one, its NDVI profile should converge to that of the crop. Thus, changes in shape of pixel NDVI profiles can be taken as indicators of crop area variations. Nevertheless, in mixed pixels the correspondence between crop area variations and NDVI values is not unique, as the latter result from the complex interaction of the responses of the mixing cover types. Moreover, NDVI multitemporal profiles are affected by meteorological vagaries which mainly cause greeness amplitude changes but can also result in phase variations of the crop growing cycle (Gaston et al., 1994) . A statistical methodology is therefore needed which should be capable of extracting the information related only to area changes of the main crops from mixed NDVI pixels. It is here proposed that such a methodology can be based on the sequential use of Spectral Angle Mapping (SAM) and a linear regression estimator.
Knowing the NDVI profiles of the main crops, the correspondence between these and the relevant profile of any image pixel can in fact be quantified by Spectral Angle Mapping (SAM), (Sohn et al., 1999; Sohn and Rebello, 2002) . In practice, the cosine of the angle between the crop and the pixel vectors is computed, which can theoretically vary between 0 (orthogonal vectors) and 1 (linearly corresponding vectors). Since the results of this operation are linearly invariant, it removes the effect of non-interesting, interannual NDVI amplitude variations linked to meteorological vagaries. Thus, provided that the crop NDVI profile considered is distinct from those of the other cover classes, the computed cosine can be taken as an indicator of the pixel fraction covered by each crop. Being the relationship between the angle cosine and the crop fraction influenced by several factors which can not be determined a priori, a successive calibration phase is needed, which can be carried out by a regression estimator trained on available crop area data.
Following this approach, the methodology first identifies the main crop NDVI end-members in a reference year for which both crop abundance images (derived from higher resolution data) and complete NDVI profiles are available. This can be obtained by a linear extrapolation procedure which is fully described in Kerdiles and Grondona (1995) and Maselli and Rembold, (2001) .
Using the same reference data, the cosines of the angles between the crop and the NDVI image pixel vectors of the same year are then computed (Sohn and Rebello, 2002) . For each pixel, the cosine cos r,t is computed as:
( 1) where v r is the reference NDVI vector (end-member), and v t is the NDVI vector of each pixel of the training images.
For each pixel the reference crop fraction and the crop angle cosine are thus available, which are assumed to be linked in a positive way. these crops in a Mediterranean climate: the NDVI of the winter crops peaks in late-April, while the NDVI maximum of the summer crops is postponed and less defined. When the two profiles are mixed in different proportions within low-resolution pixels (from 0 to 1 cover fraction of winter crop with 0.1 fractional steps), the cosines of the angle between the winter crops NDVI vector and the mixed pixel vectors vary as shown in Figure 1b . Though the relationship between winter crops cover fraction and relevant cosine slightly deviates from linearity, it can be approximated by a simple linear regression, which in this case accounts for almost 95 percent of the total variance. It is also worth noting that amplitude variations in the two NDVI profiles would produce no effect on the shape of such relationship, i.e., the procedure is absolutely invariant to changes in the total greeness of the profiles. The previous example is clearly a simplified schematization of the mixed pixel problem. In real cases, when several cover types with less defined NDVI profiles can be found in the same pixels, the shape of the examined relationship can not be known a priori. This supports the use of the previously exposed linear approximation, which can be obtained by fitting in each case study a regression of the form: (2) where A t is the fractional area extent of the examined crop derived from the relevant abundance images, and A t ϭ c ϩ b cos u r,t c and b are the offset and slope coefficients from the regression, respectively. In practice, the slope coefficient found allows the conversion from cosine spectral angles to fractional area extents, which can be exploited in the following step.
The slope coefficient b can in fact be used to transform the spectral angle differences between the training and a different year into relevant crop area variations. This is obtained by computing again for each image pixel the cosine of the angle between the reference NDVI vector and the pixel vectors of the sample year. The difference between this cosine and that from the training year is multiplied by the slope coefficient b to derive the relevant variation in area fraction within the pixel, i.e.,
where cos r,j is the cosine of the angle between the reference vector and the sample pixel vector, and A j is the estimated area fraction for the sample year. In this way, the area information contained in the training fraction image is modified using a regression estimator. In order to conform the outputs of this last phase to expectations, the former can be constrained by the fractions of temporally invariant cover types that are known from the higher resolution data. For the same purpose, normalization to 1 can be imposed to the sum of all cover fractions.
As previously mentioned, a problem remains in this approach due to possible differences in crop phenological phases between the training and the sample years. Such differences are actually quite usual and arise from variations of meteorological patterns during different growing seasons. These differences may cause a shift in the crop NDVI peaks between the training and sample years with consequent decrease in the cosine values of the latter not related to real area reductions. To overcome this problem, a modification to the procedure was introduced allowing the automatic selection of different phases for each sample year. In practice, different forms of the reference NDVI vector (end-member) are computed by simply shifting the original vector of different time steps (e.g., plus or minus one or two ten-day periods). For each sample year, the NDVI vector is then chosen as that which maximizes the average vector projection for that crop over the entire study area.
This dynamic identification of the optimal crop NDVI vector is further complicated by the presence of mixed pixels. If mixed pixels are in fact prevalent, the NDVI values of the temporally stable classes may strongly affect the computation of the average NDVI vector projections, thus leading to an incorrect identification of the optimal NDVI vector for the sample year. In our procedure, this is taken into account by removing the effect of the fractional NDVI values of the stable classes from this final methodological step.
Case Study Introduction
The methodology was tested using data for the Tuscany region in Central Italy where the choice was driven mainly by the availability of both satellite imagery and agricultural statistics. Concerning the images, the region is covered by a consistent NOAA-AVHRR data time series taken in the period from 1986 to 2002 when several Landsat TM/ETMϩ scenes were also acquired. Additionally, an area frame sampling method has been regularly applied since 1988 to measure the extent of the main crops in Tuscany, as well as in all other Italian regions (Carfagna et al., 1998) .
Geography and Environmental Features
Tuscany is situated between 9°to 12°East longitude and 44°t o 42°North latitude, covering approximately 2,000,000 hectares. From an environmental point of view, Tuscany is peculiar for its extremely heterogeneous morphological and climatic features. The topography ranges from flat areas near the coastline and along the principal river valleys to hilly and mountainous zones towards the Apennine chain. Approximately two-thirds of the region is covered by hilly areas, one-fifth by mountains, and only one-tenth by plains and valleys. From a climatic viewpoint, Tuscany is influenced by its complex orographic structure and by the direction of the prevalent air flows (from West to NorthWest). As a result, the climate ranges from typically Mediterranean to temperate warm or cool according to the altitudinal and latitudinal gradients and the distance from the sea.
The land-use is predominantly agricultural where the land is flat and mixed agricultural and forestry in the hilly and mountainous areas. The main agricultural cover types are cereal crops in the plains and olive groves and vineyards on the hills. The upper mountain zones are almost completely covered by pastures and forests. Cropland is spread over the coastal zones and the inner plain and hilly areas and covers approximately 25 percent of the land surface. The prevalent cereal is durum wheat, with an average planted area of 112,000 ha and with a mean growing cycle from November to the end of June.
Study Data Reference Information
The land-cover classification of Tuscany produced by the CORINE project was used as reference map. The current version was provided by the Tuscan Regional Service for Cartography in the form of a digitized map with a nominal scale of 1:100 000. The methodologies used for the production of the map, as well as its main features, are described by Annoni and Perdigao (1997) .
Wheat area estimates for the period 1988 through 2002 were obtained from the AGRIT project (Consorzio ITA, 1987) . These statistics are produced annually through an area frame sampling method, which guarantees high estimation accuracy at the regional scale. At the regional level, the error for the main crops is generally lower than 10 percent (Carfagna et al., 1998) .
High-resolution Images
The high-resolution images consisted of seven Landsat frames (192/30): five taken by the Thematic Mapper (TM) (1991, 1992, 1995, 1997, and 1998) , and two by the Enhanced Thematic Mapper (ETMϩ) (2000, 2001) . All of them were acquired during the month of August and were cloud-free over the main agricultural areas.
Low-resolution Images
The satellite data time series used in the current investigation is part of an 18 year time series of AVHRR NDVI images provided by Nuova Telespazio (Rome) and by the University of Berlin within the framework of the EU projects RESMEDES (Remote sensing of Mediterranean desertification and environmental changes) and RESYSMED (Synthesis of change detection parameters into a land-surface change indicator for long term desertification studies) (Bolle, 1999) . In particular, the former archive contains images from 1986 to 1993, and the latter images from 1993 to 2002. The original data were all ten-day (dekadal) NDVI Maximum Value Composite (MVC) images mapped in a geographic (latitude/longitude) reference system with a 0.01°pixel size. The standard procedure for the production of these data comprised the georeferencing of the original images; the radiometric calibration of the first two bands to derive apparent reflectances following Rao and Chen (1994) and Koslowsky (2001) and the computation of NDVI values to finally obtain the Maximum Value Composites (MVCs) on a ten-day basis (Holben, 1986) . The final products were therefore 36 ten-day NDVI MVC images for each of the 15 years which were considered in the current analysis (1988 through 2002) , with a gap of about four months at the end of 1994 due to unavailability of reliable AVHRR data.
Data Processing Image Pre-processing
The geometric accuracy of all AVHRR NDVI images was first visually evaluated by superimposing vector information layers (coastlines and lake shorelines). This operation indicated that the images were affected by a mean geometric error of about one pixel. Next, the radiometric equivalence of the Telespazio and University of Berlin data series was verified by a comparison for the common year (1993), which indicated that only minor differences existed between the relevant NDVI values (lower than 0.01 NDVI). A further visual examination, however, showed that the NDVI images derived from both archives contained a variable number of pixels with erroneous values. In addition to pixels falling out of the normal range of NDVI values, these images contained also groups of pixels with smaller random errors, which are generally difficult to correct because of the risk of eliminating correct pixels with a consequent information loss. A refinement procedure was therefore developed for the reduction of all these defects, which is fully described in Escadafal et al. (2001) . The procedure includes three main steps, the masking of pixels out of the possible NDVI range, the detection of pixels with unlikely values (using a predefined threshold of three standard deviations from the local average) and the final replacement of all detected problematic pixels.
This correction procedure was applied to all 1 km NDVI MVCs, producing NDVI images which were still affected by the effects of clouds and other atmospheric perturbations. The ten-day maximum value compositing algorithm is in fact incapable of removing this effect completely for periods with high cloud cover, so that a further correction based on the temporal dimension was deemed necessary. This operation was performed by applying an algorithm proposed by White et al. (1997) slightly modified for adapting to the current data (Escadafal et al., 2001 ). The algorithm is based on the concept that abrupt decreases in NDVI followed by relatively fast (within 2 to 3 dekads) recoveries can be attributed to the effects of clouds. Thus, these decreases can be removed by a temporal moving average operation.
As regards the Landsat TM/ETMϩ scenes, they were first georeferenced by a nearest neighbor resampling algorithm using about 120 control points selected on a land/water mask derived from the CORINE map. TM Bands 4 (NIR) and 3 (Red) were corrected for atmospheric effects and converted into reflectance images following the method proposed by Gilabert et al., (1994) . The Band 3 and Band 4 reflectance values were finally used to compute an NDVI image for every training year.
Data Analysis
The first methodological step consisted of the grouping of the CORINE land cover classes into environmentally meaningful categories that could have nearly unique NDVI profiles. In addition to the "arable land" class, four stable categories were derived from the CORINE map as forests, pastures, tree plantations, and urban areas (Maselli, 2001) .
Before applying the proposed methodology, preliminary tests were made to evaluate the degree to which inter-year crop area variations were predictable by more trivial strategies, such as linear trend analysis or correlation analyses with relevant NDVI data. Wheat area figures obtained by the AGRIT project were therefore analysed against the relevant years for estimating possible linear trends. Next, the "arable land" class map was spatially degraded by pixel averaging to produce an abundance image with the same spatial resolution as the AVHRR images. This abundance image served to extract NDVI profiles only from AVHRR pixels covered for at least 50 percent by "arable land." These profiles were then subjected to correlation analyses with annual winter crops area values, which were conducted for each dekad in order to identify the most informative NDVI images.
The splitting of the CORINE "arable land" class into winter crops and summer crops, which was necessary for the subsequent application of the proposed area estimation procedure, was carried out using the available TM/ETMϩ images of the seven training years (1991, 1992, 1995, 1997, 1998, 2000, and 2001) . More precisely, an NDVI thresholding approach was applied to all these images. The rationale for this operation was that winter crop fields are almost bare in August, while fields with summer crops (maize and sunflower) are in a "green" phase. Since the study was focussed on winter crops area estimation, other areas which are "green" in August (i.e., fallow or pastoral areas) were not included in winter crops.
The TM/ETMϩ frame 192/30 covers nearly all of Tuscany with the exclusion of some small areas in the northern part of the region. These areas were therefore removed from the analysis, which corresponded to masking out only 3.3 percent of the "arable land" class. For each of the seven training dates, all pixels belonging to "arable land" above a TM NDVI threshold of 0.15 in August were assigned to summer crops, while all other pixels of this cover class were attributed to winter crops. The threshold was chosen empirically comparing the estimated crop areas to the AGRIT wheat statistics.
The six vegetation categories identified in the seven training dates (four CORINE categories, plus winter and summer crops) were then spatially degraded by pixel averaging to produce again abundance images with the same spatial resolution as the AVHRR images. Of course, out of these images only those with winter and summer crops were different for each date, which means that only the variations within the CORINE "arable land" category were analysed, without considering any changes of the other categories.
Reference NDVI end-members were calculated using the abundance images and the ten-day NDVI MVC images of each training year by means of a linear extrapolation method (Maselli and Rembold, 2001) . Such extrapolation was necessary since very few pixels were completely covered by winter crops at the AVHRR spatial resolution. The estimated end-members were then processed through the methodology described above. The method was applied to each training year, updating the winter crop area for all study years (1988 through 2002) with the exclusion of 1994 for which complete NDVI profiles were unavailable. The winter and summer crop abundance images of each training year were thus updated for all other years.
The same operation was carried out starting from an average situation of the seven training years using the mean NDVI profiles and the mean abundance images of the seven training years. Finally, the method was tested for its forecasting potential during a growing season by increasing progressively the number of low-resolution MVC images used to update the average winter crop distribution starting from the dekad corresponding to the mean winter crops NDVI peak. All estimated winter crop areas were evaluated against the AGRIT values by using coefficients of determination (R 2 ) and root mean square errors (RMSE) as accuracy statistics.
Results
An example of the NOAA-AVHRR NDVI MVC images produced by the described correction procedure is shown in Figure 2 with an overlay of the Tuscany boundary. These images were quite regular and apparently free from major radiometric and atmospheric disturbances.
The annual wheat area values of Tuscany derived from the AGRIT archive are shown in Figure 3 . In the region, there was a general tendency to increasing winter crop areas but with a clear interruption in 1992. This decrease followed the introduction of a mandatory set aside rate decided by the European Commission in this year, accompanied by a simultaneous cut of the wheat market prices. The effect of the 1992 decrease was an almost complete removal of the underlying linear increasing trend, which accounted for only 17 percent of the total crop area variance. 
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In Figure 3 , the NDVI values extracted from the "arable land" class for the dekads most correlated to inter-year crop area variations are reported. Such dekads (15 to 17) closely followed the winter crops NDVI peak (April-May). The relevant determination coefficient (R 2 ϭ 0.453), however, though statistically significant (P Ͻ 0.01) was clearly insufficient for operational estimation of crop area variations. This relatively unsatisfactory result was attributed to the confusing effect of inter-year meteorological and phenological variability which affected the shape of the annual NDVI profiles and particularly the height of the spring NDVI peak.
To investigate this hypothesis, we proceeded to examine the NDVI profiles derived from the elaboration of the high and low spatial resolution images of the seven training years. In this regard, the application of a 0.15 NDVI threshold to the TM/ETMϩ "arable land" pixels produced reference winter crops area estimates which were in good accordance with the durum wheat areas derived from the AGRIT project (R 2 ϭ 0.640, P Ͻ 0.05). Figure 4 displays examples of the abundance images obtained for 2001 by the superimposition of the CORINE categories and the thresholded Landsat NDVI images. As can be seen, the spatial distribution of winter crops is quite different from that of summer crops, with the former concentrated in specific areas along the coast and in some inner areas.
By using the winter crops maps of the seven training years, estimates of the relevant end-members were obtained which are shown in Figure 5 together with an average summer crops end-member. All end-members of winter crops had a clear spring maximum peaking around the 12 th dekad which made them distinct from those of the other categories. It is however worth noting that, even though the effects of crop area variations had been mostly removed from these NDVI profiles, remarkable inter-year differences were still evident, which were mainly attributable to meteorological factors. Table 1 shows the accuracy statistics obtained using the data from each training year to update the winter crop areas of all study years by the proposed method. As can be seen, at least significant correlations were found between the estimated winter crop areas and AGRIT winter wheat areas. Similar variability was found for RMSE, which ranged from about 16,500 ha for 2001 to more than 26,000 ha for 1997. Part of this variability is explainable by the errors reported in the original abundance images of the seven training years with respect to the AGRIT data, which influenced all estimates obtainable from them.
This interpretation was confirmed by the more accurate area estimates obtained when using average abundance and NDVI images computed over all seven training years. This analysis simulated the case where inter-annual changes were calculated knowing the average spectral signatures and areas of the crops considered. As shown in Figure 6 , this use led to a higher determination coefficient as before, with a corresponding lower RSME. It is worth noting that this result represents an improvement of nearly 0.3 R 2 with respect to the best correlation found with the original NDVI data.
The results of the last experiment dealing with the use of shorter NDVI data series are shown in Figure 7 . As can be noted, disregarding the last nine winter dekads led to improving the accuracy of the winter crop estimates. This was explained by the fact that the winter images from October to December contain no information useful to discriminate winter and summer crops while they can retain noise, which may bias the estimation process. Observing the graph, it is possible to conclude that nearly optimum results can be obtained already at the end of August, while the performance of the method degrades markedly by using 18 or less NDVI dekads. This means that the system can be used for assessing the winter crop area shortly after harvest (June-July), at the expense of a slightly lower accuracy than in September.
Conclusions
The current investigation supported the working hypothesis that multitemporal low resolution NDVI data contain information on inter-annual area variations of the main crops. The extraction of this information is however complicated by concurrent NDVI variations due to external factors, mostly of meteorological origin. To reduce the effects of these factors, a two-step procedure was proposed, consisting of SAM to detect inter-annual crop area variations and a regression estimator to transform these into surface updates. The procedure was actually effective in accurately updating a reference crop area map derived from higher spatial resolution remotely sensed data. The test on the forecasting potential of the method, summarized in Figure 7 , demonstrated that it can be used to obtain winter crop area updates a few months after harvest which makes the method suitable for cases where no area measurement surveys have been carried out during the season or for retrospective analyses. It is of limited value for crop area prediction in the early stages of the season. The results obtainable by the method actually depend on several factors. The first and fundamental is the existence of distinct NDVI profiles for the classes to be updated, which makes the procedure applicable only to broad vegetation categories with characteristic phenological behaviours. In the current case studies, for example, the profile of winter crops had a typical and unique NDVI peak in mid spring, which allowed its correct identification within mixed pixels. The second factor is the availability of accurate maps describing the reference distribution of the main crops. In this sense, the used combination of the CORINE map and Landsat data might be sub-optimal and tests should be made using information from more accurate sources. Finally, the good quality of the low-resolution images is essential in providing the correct multitemporal NDVI information. In this regard the preliminary application of an appropriate correction procedure to these images is probably necessary to avoid the presence of erroneous NDVI profiles.
Once these conditions have been satisfied, the methodology should be applicable to all areas where a single-date, highresolution crop distribution map is available, together with a consistent long-term series of low-resolution data. Further studies are necessary to confirm the potential of the method in different environmental situations. These activities should include experiments in other study areas and with different satellite data, particularly considering images taken by more recent sensors such as SPOT VEGETATION and TERRA MODIS, which are expected to allow a higher quality characterization of the "greenness" profiles of different vegetation types.
